This study presents a methodology that utilizes a new combination of two compressed damage indices as input data of an artificial neural network (ANN) ensemble to detect multi-damages in the braces of cold formed steel (CFS) shear walls. To identify an efficient input data for ANN, first, three main groups of damage indices are considered: modal parameter-based damage indices; frequency response functions (FRFs)-based damage indices and time series -based D r a f t
Introduction
Structural damage detection has become an important research topic for evaluation of structural systems safety during their lifetime. In recent three decades various methods have been developed to increase the efficiency and reliability of damage detection approaches. The process of damage detection consists of three main stages as detecting the (1) existence, (2) location and (3) extent of damage in a structural system (Rytter 1993) . As damage detection is an inverse, nonlinear and non-unique problem, the conventional mathematically-based engineering techniques (i.e., hard-computing methods) are not very efficient in solving such problems (Ghaboussi and Wu 1998) . In recent years, there has been an extensive effort to determine accurate damage detection techniques. Different soft computing methods including a variety of neural networks, linguistic-based methods (such as fuzzy logic), evolutionary computational models (such as genetic algorithms), and some hybrid algorithms proved to be more effective in solving damage detection problems, especially in vibration-based damage detection techniques (Koh et al. 2003) . Artificial neural network (ANN) is a powerful tool for solving damage detection problems because of the pattern-matching, self-adaptiveness, generalisation, and abstraction capabilities (Hansen and Salamon 1990) . ANNs and ANNs ensemble have been widely reported in research to estimate damage location and severity in structures (Bakhary et al. 2007; Bakhary et al. 2010; Dackermann et al. 2010) .
In order to investigate the efficiency of the ANN-based damage detection approaches, various structural properties have been examined as input to ANN for damage detection of different structural systems. Szewczyk and Hajela (1994) This paper presents a new input pattern for multi-damage detection of the braces in strap-braced cold formed steel (CFS) shear walls based on ANN ensemble. For this purpose, first, various vibration-based damage indices are considered as input data to ANN in three main groups: 1-modal parameter-based damage index; 2-FRF-based damage index; and 3-time series -based damage index. Furthermore, to obtain the suitable input data for network training, the FRFs and time series data are compressed to a few PCs adopting PCA techniques. In order to check the robustness of the selected damage indices as input data to ANN, artificial random noise has been generated numerically and added to noise-free data during the training of the ANNs. Then the D r a f t efficiency of each damage index as input data for ANN is investigated via a sensitivity analysis.
PCA-compressed FRFs and PCA-compressed time series are identified as two suitable damage indices. Finally, to improve the results, neural network ensembles are introduced and a new collection of PCA-compressed FRFs and PCA-compressed time series dataare defined as input data to ANN ensembles. The effectiveness and reliability of the proposed method is tested and validated on the numerical data of a CFS shear wall. The remainder of the paper is organized as follows. Section 2 introduces the theoretical background of three groups of damage indices as well as the PCA technique. Section 3 gives a detailed description of the adopted approach. A sensitivity analysis is conducted in section 4 and the conclusions are summarized in section 5.
Theoretical Background
Vibration-based damage detection methods are the global techniques based on the principle that the damage changes both the physical properties, such as mass, stiffness and damping, and the dynamic properties of a structure. Therefore, by extraction of dynamic features from the structural vibration, damage can be identified. In general, there are three types of measured dynamic features known as damage indices: modal parameter-based damage indices, frequency response function (FRF)-based damage indices and time series -based damage indices. A description of each damage index considered in this paper as well as PCA technique for data reduction is presented as follows.
Modal Parameter-Based Damage Index
Traditionally, modal parameters such as natural frequencies, mode shapes and damping ratios are the most common dynamic features used for vibration-based damage detection. The resonant D r a f t frequencies were specially used as the damage feature in the early years of vibration-based damage detection (Adams et al. 1978) . Unfortunately, in several damage detection cases, the resonant frequencies have been found to be insensitive to the structural damage, especially to the lower levels of damage (Chen et al. 1995; Farrar et al. 2001; Trendafilova 2005) . Chen et al showed that the information of the natural frequency change is insufficient to be a useful indicator of structural safety (Chen, Spyrakos et al. 1995) . Furthermore, low sensitivity of frequency shifts to damage requires either very precise measurements or large levels of damage (Farrar et al. 2001) .. For field application, another drawback is that the natural frequencies are heavily dependent on environmental condition such as temperature or humidity fluctuations (Kim et al. 2007 ). The mode shapes obtained before and after damage can be either directly used or indirectly used as damage index. Modal strain energy differences (Dackermann et al. 2010 ) is one of the examples of modal parameter-based damage index used to identify the structural damage. In comparison with frequency methods, mode shape methods are less sensitive to environmental changes and provide better results for both the damage location and severity identification. In contrast, mode shape-based methods are often very sensitive to the incompleteness of the measured data and therefore require measurements from a large number of sensors to ensure the reliability of results. In addition, to extract mode shapes, a data processing procedure known as experimental modal analysis is required. Experimental modal analysis could be less reliable when the measured data are noise contaminated (Li et al. 2011 ) . (Ni et al. 2006 ).
FRF-Based Damage Index

Time Series -Based Damage Index
The use of time series analysis techniques for damage detection has been extensively explored by several researchers (Li and Yang 2008) . One of the statistical properties which can be used as input data for ANN is the covariance of the vibration response as Eqn 1
where Cov() is the covariance of time series data,
are displacement or acceleration responses of the system at measurement points of i and j. f m is the covariance relationship function, K is the matrix of structural stiffness, C is the matrix of coefficient of viscosity, F is the external force and Φ is the matrix of modal shape. Eqn 1 shows that the change of the covariance is sensitive to the change of the structural stiffness of the system (Shu et al. 2013) . By sensitivity analyses on the single-degree of freedom system and multi-degree of freedom system, D r a f t Li and Yang investigated that the variances (covariance) of displacement and acceleration are related to the structural stiffness while the variance of velocity has no robust relationship to the structural stiffness. (Li and Yang 2008) . Therefore, the changes of covariance of vibration responses before and after damage can be used as time series data-based damage index.
PCA Technique
To obtain suitable input data for ANN, the input data with the large size (i.e. FRFs or time series data) can be compressed to a few variables with a statistical data reduction technique and then the compressed input data are fed to the neural network. Principal component analysis (PCA) is a statistical technique which reduces the size of data and therefore can be used for feature extraction. By projecting data onto the most important principal components (PCs), its size can greatly be reduced without significantly affecting the data. In structural dynamics, PCA has been applied to measure vibration signals for reduced-order modeling, parameter identification of nonlinear systems, modal analysis and elimination of the influence of environmental effects. The application of PCA for vibration-based damage detection was first proposed by Worden et al. (Worden, Manson et al. 2000) and has been since studied by a number of papers (De Boe and Golinval 2003; Kullaa 2003; Ni et al. 2006) .
For a data set [X ij ] with (i=1, 2, …, m) and (j=1, 2, …, n) , the mean ‫̅ݔ‬ and the standard deviation s j of the jth column are obtained as
where m is the total number of observations and k is the dimension (variables) of the observations. Then, the data set [X] is transformed into the standard normal space yielding the
The covariance matrix [C] is given as Eqn 5.
Finally, by eigenvalue decomposition of the covariance matrix [C], the PCs are obtained as Eqn
where ߣ is the ith eigenvalue and ሼܲ ሽ is the corresponding eigenvector. The first PC, which is the largest eigenvalue and its associated eigenvector, denotes the direction and the amount of the maximum variability of the original data set. The second PC, which is orthogonal to the first PC, denotes the second most significant contribution from the original data set, and so on. The most significant PCs represent the most dominant features from the data set. The dimension of the original data set can greatly be reduced by eliminating components that contribute least to the overall variance (Zang and Imregun 2001).
Adopted Approach
This paper investigates a robust methodology to identify damage severities in the braces of CFS shear wall using a collection of two compressed damage indices and neural network ensembles.
To obtain suitable input data for network training, three main groups of damage indices are considered and PCA technique is applied. To simulate field-testing conditions, white Gaussian noise is added to the numerical data and a limited number of sensors are considered. Then, two 4-Sensitivity study to investigate the proper damage indices.
5-Introducing a collection of two suitable damage indices and neural network ensembles.
6-Testing and validating the proposed method.
Each part is discussed in details as follows.
Finite Element Modeling
The shear wall considered for damage detection in this study is a 2.4 to 2.4 m strap-braced CFS wall (Zeynalian and Ronagh 2012). Figure 1 shows the general configuration of the shear wall.
All the frame elements, such as top and bottom tracks, studs and noggins were made from an identical C-section of dimensions90 × 36 × 0.55 ݉݉. All studs were connected together at each D r a f t flange by one rivet. In order to increase buckling capacity of the chords and studs, a noggin was used to shorten the buckling length of the vertical members. Solid X straps were connected to the corners of the frame on both sides. The dimensions, cross section and material properties of the C corners section and straps are presented in Tables 1 and 2 , respectively (Zeynalian and Ronagh 2012).
The finite element (FE) model representing the frame with the geometry and structural properties corresponding to the specimen described is created using commercial software, OpenSees. As shown in Figure 2 , the studs, tracks and noggin are modeled by elasticBeamColumn element and strap braces are modeled by truss element with ElasticPPGap material which can model the tension only braces (Mazzoni et al. 2006) . In order to reduce FE model error for robust damage detection, it is necessary to validate the accuracy of the presented numerical model with the experimental test. Figure 3 shows the reasonable agreement between experimental and numerical elastic pushover curves obtained from experimental test and elastic pushover analysis, respectively.
Damage cases are introduced by reduction in structural stiffness of the braces. Structural stiffness reduction is modeled by a reduction in modulus of elasticity (E) of each strap. The incremental reduction in E is chosen as 0% (healthy) up to 80% local damage. Therefore local damage is applied with 9 damage severities at 2 different braces i.e. 81 different damage scenarios as listed in Table 3 .
Each damage scenario is indicated by a vector of SSR. SSR vector contains two parameters representing the structural stiffness ratio of each brace as shown in Eqn 7
where Di E and Hi E are modulus of elasticity of the ith brace in the damage case and the healthy case, respectively.
Input Data to ANN
The damage features used as input data to ANN are considered as 1-modal parameter-based input data, 2-frequency response function (FRF)-based input data, 3-time series -based input data, and 4-PCA-compressed input data.
Modal Parameter-Based Input Data
In order to provide natural frequencies and mode shapes of the shear wall as modal features, the modal analysis is carried out using Eigen analysis in OpenSees (Mazzoni et al. 2006 ). The first two natural frequencies of the healthy frame corresponding to the lateral mode shapes of the general shear wall are given in Table 4. The table also Table 4 . It can be seen that the two natural frequencies and mode shape components are affected to different extents due to the structural stiffness ratio (SSR) of the braces. Therefore they are used to make the first two damage indices for ANN-based damage detection of the CFS frame; 1-natural D r a f t frequencies of the first two lateral mode shapes (NF), 2-natural frequencies and horizontal component ratios of the first two lateral mode shapes (NF+MSR). The first damage index is considered to investigate the ability of only natural frequency for damage detection. The second one is considered based on the research showing that the ratio of the mode shapes are more capable than the mode shapes themselves (Lee, Lee et al. 2005) . White Gaussian Noise with zero mean and specified standard deviation is introduced to mode shape data to simulate measurement errors and ambient noise. Three different noise pollution levels (1, 3 and 5% noise-to-intact numerical data ratio) are applied in this study. For each level of noise, three sets of noisecontaminated modal data are generated as input data of ANN.
FRF-Based Input Data
In order to provide features in the form of FRF data, transient analysis is performed under impulse loading and time history responses are generated by OpenSees. An impact horizontal force of 800 N is applied at the impact point (depicted in Figure 2 ) and the horizontal accelerations of the frame are recorded at two measuring points as response time history data. To further simulate field conditions, white Gaussian noise of three intensities (1, 3 and 5% noise-tosignal ratio) is added to both, the input impact force signals and the response time history data.
For each level of noise, three sets of noise-contaminated data are generated.
In the next step, the noise-contaminated time history data are transformed into the frequency domain using the fast Fourier transform (FFT 
Time Series -Based Input Data
In order to provide a suitable input data for ANN from time series responses, firstly, transient analysis is performed with OpenSees under impulse loading of 800N and then the time history responses of the frame are obtained at two measuring points in terms of accelerations. White
Gaussian noise of three intensities (1, 3 and 5% noise-to-signal ratio) is added to the response time history data and three sets of noise-contaminated data are generated for each level of noise.
The changes of covariance of noise-contaminated time history accelerations before and after damage are then investigated. Figure 5 shows the relationship between the changes in the covariance and damage severity for each of 81 damage severities. For conciseness, only the changes of the variance at the measuring point 2 are shown here. It is observed from the figure that the damage index changes as expected with the increasing damage severity. Therefore, the changes of covariance of noise-contaminated time history accelerations before and after damage are considered as the time series -based input data denoted by COV-TSD (Shu et al. 2013 ).
PCA-Compressed Input Data
To produce the damage indices that are suitable for neural network training, the dimension of the damage features with the large size must be reduced. For example, a full-size residual FRF of one measuring point, which covers a frequency range of 0-512 Hz, contains 512 input nodes in D r a f t the neural network. Such large numbers of input points cause severe problems in training convergence and computational inefficiency. Therefore, in such applications, PCA is desirable to reduce the size in addition to filter noise (Dackermann et al. 2010 ).
To compress the input data in this study, two matrices are formed, i.e. one for residual FRFs and 
Application of ANN
To design an effective neural network for damage detection of strap braces, six damage indices are extracted as follows: conjugate gradient descent algorithm. In order to maintain the generalization ability of the network, the input data is randomly divided into three sets; a training, a validation and a testing set and then the early-stopping method is applied during the training. The ratio of input data vector for training is set to 0.6 and the ratio of input data vector for each of validation and testing is set to 0.2. In the early-stopping method, while the network is trained with the training set, its performance is supervised by the validation set to avoid overfitting. The network training stops when the error of the validation set increases while the error of the training set still decreases, which means that overfitting occurs and the generalization ability of the network is lost. Details of information of the designed networks are listed in Table 5 . The design and operation of all neural networks is performed with the software MATLAB. D r a f t
Results and Discussion
Damage Index Sensitivity Study
First, neural networks are trained with the defined six damage indices to identify damage severities of straps. Then, in order to establish a measure of capability of each ANN for damage detection, the normalized error of the damage quantification of each strap brace is defined as 
Neural Network Ensembles
From the results above, it can be observed that it is problematic for damage detection when relying on the outcomes of the individual networks trained with the first four aforementioned input data. In addition, training networks with the PCA-FRFs and PCA-TSD improves but does not give the best results. To achieve more reliable damage detection, a conclusive, intelligent fusion of the individual network outcomes is necessary. This can be achieved by a neural network ensemble, which combines the outcomes of the individual networks (Hansen and Salamon 1990) .
For this purpose, first, four individual networks corresponding to PCA-FRF and four individual networks corresponding to PCA-TSD are designed. The first two of four individual ANN trained D r a f t with the data from two measurement points, the third one is summarized data that are obtained by adding up the data from two individual measurements and the fourth one is comprised of the whole input data of three other networks. Then, the outcomes of the eight individual neural networks are fused by a neural network ensemble. Through assembling the eight neural networks, the generalization ability of the neural network system can significantly be improved (Zhou et al. 2002) and an overall damage prediction is obtained. The neural network ensemble model is shown in Figure 7 and a plot of the adopted approach is presented in Figure 8 .
The network ensemble is designed with eight input nodes, which are the outputs of the eight individual networks; one hidden layer consisting of 25 nodes and one output node predicting the damage severity of each strap brace.
For the neural network ensemble, the percentages of false detection along with the maximum and average values of absolute normalized error of the damage quantification of two braces are listed in Tables 12 and 13 for three levels of noise pollution. To evaluate the outcomes of the network ensemble more closely; the results of damage identification for three noise levels are displayed in Figure 9 (a-h). In these figures, the horizontal axis displays the damage scenarios that are sorted by their numbers as depicted in Table 3 . The vertical axis represents the normalized error of the damage quantification of each strap brace. A marked band around the 0% error axis represents the area in which the network estimations must fall in order to correctly categorise the damage.
For the quantification of damage, the band ranges from -6.25 to +6.25% normalized error, representing the mid points in-between two damage severities. Table 12 show that the neural network ensemble trained with a collection of two compressed vibration data is capable of identifying the severities of all damage cases precisely for noise level of 1%. Figure 9 (c-d) and the Table 12 indicate the outcomes of D r a f t accurate damage identification by the network ensemble for all damage cases at 3% noise pollution level except 3% of damage cases for brace 2. As expected, the accuracy of damage detection decreases as the noise level increases. As it is observed in Table 12 and Figure 9 (e-f), the outcomes of damage identification for 5% noise pollution have some errors for a number of damage scenarios. However, the percentage of false detections are less than 8% and the maximum value of absolute normalized error is less than 15%, which means that the method can The results show the high ability of combination of two different damage indices which have not been combined together in the previous researches.
Conclusion
This paper presents a thorough investigation of a vibration-based damage detection technique, which utilizes a collection of compressed vibration data in combination with neural network ensembles, to identify severities of damage in strap-braced cold formed steel shear wall. PCA techniques are adopted to extract damage indices and to reduce the dimension of measured FRF data and time series responses. Only the most significant PCs are used as input data to neural network ensembles. White Gaussian noise of up to 5% noise-to-signal-ratio is added to D r a f t numerical data to simulate uncertainties and the noise robustness of the developed method is investigated by a noise sensitivity study. The main findings of the paper are listed as follows:
-In comparison with modal parameter-based damage detection approach, the proposed methodology has the capability to cope with incomplete FRFs and time series data extracted from a limited number of sensors. The proposed method not only requires much less postprocessing on the measured data, but also yields more reliable damage predictions.
-The damage detection results of two individual ANNs trained with PCA-TSD and PCA-FRF
show that the ANN trained with the proposed damage index of PCA-TSD in this research has more accurate results than the ANN trained with the common damage index of PCA-FRF.
-The results clearly indicate the efficiency of the network ensemble trained with the proposed combination of two compressed vibration data. The outcomes of the ensemble provide more accurate results than those of the two former individual neural networks.
-Although ANN ensemble is not a new technique for damage detection, the proposed ANN ensemble which is based on combination of two different damage indices is an innovative structural damage detection methodology with the high quality.
-The results of the ANN ensembles show that the proposed method is robust, reliable and precise in identifying defects of the braces of the CFS wall. 
